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ABSTRACT
The human behaviour analysis has been a subject of study in various fields of science (e.g. sociology,
psychology, compürer science). Specificallf the automated understanding of the behaviour of both
individuals and groups remains a very challenging problem from üe sensor systems to alificial
intelligence rechniques. Being aware of the extent of the topic, the objective of this paper is to review
the state of the art focusing on machine learning techniques and computer vision as sensor system to
üe artificial intelligence techniques. Moreover, a lack of review comparing üe level of abstraction
in terms of activities duration is found in the literature. In üis paper, a review of the methods and
techniques based on machine learning to classify group behaviour in sequence of images is presented-
The review takes into account the different levels of understanding and the number of people in the
group.
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1. INTRODUCTION
Nowadays, video surveillance of people is a widely used tool because there are many cameras that
facilitate the capture and storage of video. Most of these products are dependent on an operator to
analyze the content of stored information. Knowing this limitation, it is necessary to provide systems
of video surveillance that make possible the automatic identification of behavior. These types of
system can be carried out using computer vision techniques, since they allow the identification of
pattems of people behaüor in an unsupervised manner as gestures, movements and activities among
others. In general terms, machine learning, it is possible to model the behavior of people in open
or closed spaces such as universities, shopping malls, parks or streets, and then analyze them using
automatic leaming methods-
There are currently many researches on Human Behavior Analysis such as, (Azorin-Lopez
et al., 2015) that have resulted in the identification of va¡ious types of people's behavio¡ in video
sequences. These behaviors have been classified from the simplest to the most complex taking into
account their dúation, from seconds to hours. For these behaviors, a classification has been proposed
in (Chaaraoui et al.,2012).
The objective of this paper is to provide a classiñcation of human behavior analysis proposals
taking into account the size of the group or crowd, identifying the number of people that comprises
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it, the type of behavior detected, the level of abstraction (from simple actions to complex behaviors)
and the techniques used for its treatment and analysis. The most important public datasets are also
reviewed which are used to test algorithms there exist several shrdies on the identification of human
behaviors such as (Chaaraoui et al.,2Ol2), (Cardinaux et al., 201 l), (Turaga et al., 2008), (Ryoo &
Aggarwal,2008). In (Mihaylova et al., 2014) a taxonomy of groups with fewer and more members is
established, in addition the methods to analyze them are specified- There are works such as (Climent-
Pérez et al.,2014), *üere it is proposed to analyze the behavior of crowds by classifying them into
two levels, macro and micro. Despite research efforts to analyze behaüor in groups and crowds, we
still have many ftonts on this subject for researchers.
The organization of the paper is as follow: Section 2. Aspects of human behavior, levels of
semantics and datasets; Section 3- Classification of the state ofthe art proposals: finally, conclusions
and possible future works.
2. ASPECTS OF HUMAN BEHAVIOR ANALYSIS
In this section, üe main aspects of the human behavior analysis are explained. First, we will present
the different levels of understanding and later the main datasets available for experimentation.
2.1. Oescription of Human Behavior Types and Semantics
(Gesture, Motions, Activities, Behavior)
In order to identify human behavior according to the level of abstraction and understanding the data
has to be classified depending on üe meaning, duration and complexi§ of tasks performed by humans-
Classifications of activities have taking as its main reference üe level of complexity of them,
from the easiest to the most complex. The complexity factor is directly related to the time duration of
the activity, generally, an activity is considered complex ifit has a longer duration. In (Vishwakarma
& Agrawal, 2013) four levels related to their semantics:
Level 1 (Gestures): Basic movements of parts of the body that last a time. Examples of gesh-ues
can be movements ofthe hand, arm, fcrot or head among others.
Level 2 (Actions): Also called atomic, consists of actions performed by a single person, their
duration is larger than a gestue. An example of actions could be walking, running, jumping.
Level 3 (Interaction): In this category human-human or human-otrject interaction activities
are performed. Examples ofthese interactions can be two people dancing, kissing, running one
behind another, children playing, people cycling.
Level 4 (Group Activity): At this level of description it conforms to two or more groups
of people, one or more objects can intervene in the scene. An athletic race, basketball team
forwarding, pedestrians crossing a street, a football game, a fight in a stadium can be examples
of group activities.
Another taxonomy of human behavior that classifies it according to üe complexity and duration
time is propos€d in (Chaaraoui et al., 2012). In this approach, the analysis is classifietl on the degree
of semantics in four levels:
Lerel I (Motion): Detection in seconds or frames-
a
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Levet 2 (Action): Detection of simple tasks in terms of seconds. The human can interact with
objects, or be sitting, standing, walking-
Level 3 (Activity): These are tasks from of minutes to hous. They constitute the sequence of
actions, such as cleaning a room, washing a vehicle.
Level 4 (Behavior): This is the higher level ofunderstanding since its duration time can be hours
and days. Example behavior can be daily routines ofa person, personal habits, and mix of two
activities in logical sequence.
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Both taxonomies described above are based on the daily activities of people, taking into account
impofant factors such as the level of semantics, the duration and the activities composed of other
simpler parts such as movements and actions. They described the levels/orders of behavior f¡om the
simple movements lasting s€conds, to complex activities performed by people for several minutes,
hours and even days- The aim of the researchers has been to propose a general classification human
behavior- There are other classification, however, in this work we are going to base our proposal on
these focused on group and crowd behavior classification
2.2. Special¡zed Datasets
In (Blunsden & Fisher, 20 I 0) Blunsden and Fisher presented a set of datasets which include sequences
for individual and group behavior which are part ofthe BEHAVE project and include some form of
ground truth- Since this paper is focused on group and crowd analysis, the individual datasets are not
studied, but authors refer to the original paper for further details-
In group analysis, there are tbree datasets belongilg to BEHAVE project: CAVIAR, CVBASE,
ETISEO. Examples of behavior detected in üese datasets are: InGroup (The people are in a group
and not moving very much), Approach(Two people or groups with one (or both) approaching the
other), WalkTogether (People walking together), Meet (Two or more people meeting one another),
Split (Two or more people splitting from one anoüer), Iglore (Ignoring ofone another), Chase (One
group chasing another), Fight (Two or more groups fighting), Run:Together (The group is running
together), Follo*'ing (Being followed).
In this paper we analyze the behavíor of groups and crowds such as pedestrians, crowds in
public places such as stadiums or squares, interactions of large and small groups, sport actions such
as soccer and basketball, and others. The datasets used by the researchers are numerous, being the
main ones the following: BEHAVE, BIWI, VSPETS, ETH, DGPI, UHD, HMDB, SponsVU, PETS,
UNM, ViF, Bus STATIONS, Subway STATIONS, oüers. Also in some cases the researchers use
their own datasets or videos obtained on YouT[be. In (Chaquet et al., 2013) it is proposed a study
and dataset classification taking into account the behaviors, number of people involved, techniques
used to recognize behaviors, types of scene, year of publication, among oüer characteristics- F¡om
this study, an absence of RGB-D (Color and depth) datasets is shown.
With the objective of studying human behavior, in the last years se\€ral public datasets have been
created- In these dataset, video sequences with contents of several activities in different scenarios and
situations are stored. There are also sites dedicated to study particular activities such as a movement or
action of a sport, identification of abandoned objects, or daily activities (ADL) such as having a cup
of coffee, detection offalls of human, gait study, gesture analysis. These studies are directly related
to public datasets, where tests of the algoriüms and techniques used in each case are performed,
in certain studies more than one dataset is used to check the accuracy of the recognition systems
developed, in other cases it is used custom datasets or the resea¡cher's own, video sequences obtained
in public places like bus stations or trains, also of people who carry out activities in squares, streets
and commercial centers of a city, are also used. There a¡e l'ery feu, studies that use YouTube as a
source for video footage for research.
Performing video analysis studies require effort and time for resea¡chers; thousands of man-hours
are used for the labeling of the different situations üat need to be identified in a video. Currently, in
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3. CLASSIFICATION OF THE LEVEL OF UNDERSTANDING OF GROUPS
To analyze human behavior by using video surveillance cameras, a system based on computer vision
requires following a series of ordered steps as suggested in (Banos et aI., 2013). This paper aims to
organize a classification of human behavior according to üe number ofpeople that make up a group
of crowd, and the techniques, algorithms or frameworks used for analysis. The reviewed papers are
presented in Table 2. The most relevant proposals in our opinion, regarding the number of references to
the paper and its relation to crowd and group behavior study, are more deeply explained in this section.
Human behavior analysis (HBA) investigations have different applications: improving the quality
of life of human beings, in aspects such as support in the health area to detect unusual behaviors, for
example falls ofelderly people ir assisted living environments (AAL) (Bruckner et al., 2012), (Banos
et al., 2013), (Cardinaux et al., 201 l); surveillance of pedestrians, fights, people running, assaults,
ingesting liquor in putrlic places, for example.
The classification of tasks performed by humans described in the previous section is analyzed
in (Ca¡dinaux et al., 201l) according to the level of semantics (in ascending order according to the
duration time of this is): Movement (seconds), actions (seconds, minutes), activity (minutes, hou¡s),
behavior (hours, days). Each of these tasks must be recognized and modeled, using different techniques,
algorithms and other tools suitable for this task.
Turaga et al. (Turaga et al., 2008) proposed a scale of recognition of human activities from
simple (actions) to complex (activities), for actions called simple uses (Non-Parametric, Volumetric,
and Parametric), for activities called complex uses (Graphical Models, Syntactic, and Knowledge
Based). Another organization proposal for recognition of activities is set out in (Banos et al., 2013),
where it proposes the Chain of Activity Recognition. This approach divides the recognition process
into different procedu¡es, which are: Data Acquisition, Preprocessing, Segmentation, Characteristic
extraction, Classification, Decision. Most curent research focuses on the last two procedures of this
proposal and is often referred to as the learning and decision phases.
In the studies about human behavior of groups and crowds analyzed, it was found that there are
few works dealing with RGBD camers and analysis of human behavior using 3D information. It is
important to highlight the work of Wu et al. (Wu et al., 2015). They proposed the MoSIF method is
combined with HMM (Wu et al-, 2015) to analyze video sequences obtained from a Microsoft Kinect
RGBD device. The accuracy obtained is 6O7c for 36OO video sequences. However, according to the
authors, a better fesult could be obtained if they used more videos to improve learning.
The methods ofclassification can be supervised and not supervised, and can be used individually
or combined using boosting tecbniques.
On the subject of behavior and trajectories of groups of people there are also some approaches
that are based on (HBA) study individuall¡ for example: to recognize activities of groups of people
we use the Group Activity Descriptor Vector (GADV) Proposed in (Azorin-Lopez et a1.,2016). This
method has as its predecessorthe Activity Description Vector (AVD) revised in (Azorin-Lopez et al.,
2016), (Azorin-Lopez et al-, 2014), and aims to recognize human behavior in advance.
3.1. Features of a Groups and Crowds
For example, And¡ade et al- (Andrade et al., 2fi)6a) detected behavior of a crowd in different
scenarios considered unusual or an emergency, usually provoked by a minority of people in the
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cities, it is common to find camcorden capturing video that are later stored. Howevef, all this large
amount of information is not available for public access and experimentation.
The main datasets used in Table I as reference in the present work are described below, they
speciff dataset name, üe type of behavio¡ üe general and specific characteristics how frames per
second, video size, actions (Boxing, Clapping, Waving, Walking, Jogging, Running). We can also
specify if the scene is inside or outside, that identify the dataset:
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crowd. These behaviors are coded in Hid- den Markov Models (HMM) with mixture of Gaussians
output (MOGHMMs), detecting wiüin the differcnt scenes according to their density of people that
conform it. It shoukl be considered üat the system must be previously trained to detect a type of
behavior considered normal that uzually have the majority of members of a crowd analyzed. Analyzing
specifically the modeling of dense crowds is still an open problem of researchers.
In a public space, where there are a lot ofpeople, the behaviorcould be analyzed by two variables:
actions and duration.
A general trend could be noticed and described as the actions considered normal ones have an
extended dumtion -.. a general trend that would be described as that the behaviors considered normal
ones have an extended du¡ation, in which most people make up the crowd, while the behaviors
considered abnormal are caused by few people in the croud and in shof times of du¡ation- For the
study of these types of behaviors, Hu et al. (Hu et al-, 2013) proposed to use a statistical exploration
method analyzing the video in a separate way as sliding windows in which the behavion considered
anomalous are detected, taking into account that the algorithm used in this technique requires
monitoring.
As we have previously described in order to understand the behavior of crowd, we must take into
account the social behavior of the masses, since in this one can observe patterns of behavior that can
be modeled by computer studying their structure and special charaoerisücs as proposed in (Ge et al.,
2009). This study analyzes the human activity of medium level in tie granularity, that is to say in the
number of people that conform it based on algorithms for the detection of pedestrians and üacking of
several moving objects. A particular fact is that the study considers small groups of people traveling
together considering the hierarchy of smaller to larger size of the group. It takes into account the
proximity of pain of people and their speed when walking in a paficular scene. According to (Ge
et al., 2009), a group is formed from two people, in addition it must feet other parameters such as: if
they are within 2, 13 meters of each other and not separated by another in the middle, have the same
speed up to within 0,15 meters per second, and is kaveling in the same direction wiüin 3 degrees.
When a member of the group stops fulfilling these characteristics or complies with them, it can be
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said üat he or she is inside or outside üe group. The conditions for a group to become crowded bave
not been precisely defined by researchers, howeve¡ what if it is clear is how a crowd is analyzed,
among the main fean¡fes of analysis are; Treat it as a single mass and detect morement considered
abnormal, count the number of heads, studies about crowd are: (Rodriguez, Ahmed & Shah, 2008),
(Junior, Musse &Jung,20l0), (Li, Mahadevan & Vasconcelos, 2014), (Zhan, Monekosso, Remagnino
et al., 2008), (Zhou, Tang & Wang, 2013).
The datasets can be chosen by the researchers according to theif criteria, taking into account the
suitability for their objective. The data are grouped into two categories the heterogeneous, referring
to the general activities and the specific when these actions have a special treatment. A third category
is included in (Chaquet et aI.,2013), which specify techniques for motion capture such as the use of
infrared, thermal and motion capture (MOCAP).
3.2. Behavior of Groups and Crowds
This paper shows in Table 2 a classification of the group size according to the number of members and
the activities that each type ofgroup performs, besides specifying the methods, algorithms and forms
of recognition that can be used for their study, the order of the table is made according to the level
of semantics and the name of üe author. We can see the following analyzed fields: Ref = Reference
to the article, CL = Classification (G = Group (number of people) if exist, and C = Crowd), TE =
Technique, D = Dataset, LA = Level Abstraction- In the column LA = Level Abstraction we show
th¡ee levels of abstraction: Mot = Motion, Act = Action, Actv = Activity, also two automatic tasks,
CP = Count-People and Tra = Tracking.
The classification of the papers analyzed according to the number of people that make up the
groupings is GROUP and CROWD. Group is defined as the rapprochement of two or more people in
a given site and performing an action or activity, C¡owd is grouping a number ofpeople over a group
with large groupings that usually performs simultaneous activiües. The types of behaviors analyzed
using video surveillance a¡e limited and specific in reladon to the whole universe ofbehaviors that a
group or multitude of people can have in a real environment- The behaviors analyzed most frequently
in the papers are üe following:
Tracking, trajectories, bicyclist, pedestrian, skateboarders, count people in a group or crowd,
street fights, interaction objects-people, motions or actions in sports, human actions (walking, jogging,
running, boxing, hand waving and hand clapping). The DATASETS frequently used for the tests of
the techniques, algorithms and systems developed to analyze the behavior of groups and crowds are
the following: BEHAVE, BIWI, CAVIAR, VSPETS, ETH, DGPI, UHD, HMDB, Sportsvu, PETS,
UNM, ViF, Bus STATIONS, Subway STATIONS, othen. Also in some cases the resea¡chers use
their own DATASETS or videos obtained on YouTube. Based on the information analyzed in the
papers, it is possible to propose a classification according to the level of abstraction of the analyzed
human behavior of groups and crowds according to the case, in order of shortest to longest duration
of behavior we propoe five levels of abstraction:
Motion, Action, Activity, Count-People and Tracking. The techniques or methods frequently used
to analyze human behavior of groups and multitudes using video surveillance are as follows: Bag
of Words, Deep Neural Networks, Hidden Markov Models, Monte C¿ulo, Gaussian Mixture Model,
Multiple Human Tracking, and Support Vector Machines. Also, many of the authors adopt custom
names for their methods and techniques used in research, another option used by researchers to name
a particular method or technique is the combination of one or more algorithms. The topics covered
in this paper are mainly groups of small and large people (between 2 up to 50 people), pedestrians,
crowds (over lfi) people), sports teams (basketball and soccer), people walking in parks, metro
stations and buses- Most researchers perform functionality tests of their humal behavior recognition
algorithms, methods or systems in one or more specialized DATASETS, few jobs that can display
real-time video sequence analysis results.
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4. CONCLUSION AND FUTURE DIRECTIONS
In this work, üe human behavior of groups and crowds has been approached taking into account the
degree of semantics and especially the size of people that integr-¿te the goup or crowd, in addition has
been considered behaviors like: Spons rcams of soccer and basketball, pedestrians, groups of people in
metro and bus stations, people grouped in parks and squares. We propose a classification of behavior
of groups and crowds according to degree of semantics has been carried out in three types: Motion,
Action, Activity, also tr*o automatic tasks, Count-People and Tracking. It has included techniques
and algorithms that researchers use for analysis, and has included üe datasets used, which in most
of üe investigations are traditional and in a few cases custom datasets or YouTube videos are used.
In the next works is important to address the issue of video sequences with RGBD cameras, as
this type of technology is currently in increasing use.
{8
subato e.V licensed custon€r copy supplied and printed for Universidad de Alic¿nte. S¡byd. Acceso al Doc1rmento (SL106X00178E)
Tri
lntemalional Joumal of Computer Visior añd lmage Processing
Volume 7. lssue 3. July-Septenúer 2017
REFERENCES
Aggarwal, J. K., & Ryoo, M- S. (201l)- Human activity analysis: A rcview. ACM Computing Surveys, 43(3),
16. doi: 10.1 145/1922&9.1922653
Al-Raziqi, A-, & Denzler, J. (2016). Unsupervised Framework for Interactions Modeling between Multiple
Qbjects- ln Pruceedings of thc I lth loint Conferente on Computer Vision Imaging and Computer Graphics
Theort and Applicorions (pp. 509 516). doi:10.5220l000568ffi0509051ó
Andrade, E- L., Blunsde¡, S., & Fisher, R. B. (2006. August). Hidden markov models for optical flow analysis
in crowds. ln Proceedings of the lSth Internatianol Cot{erence on Pattera Recognition ICPR '0ó (Vol. l, pp.
460-463). IEEE. doi: 10- I 109/ICPR.2006.62 I
Andrade, E. L., Blunsden, S., & Fisher, R. B. (20O6, August). Modelling crowd scenes for event detecúon. In
Procee<lings ofthe 18th International Conference on Pattern Recognrtion ICPR 'Oó (Vol- 1, pp- 175- 178)- ¡EEE-
doi: 10. I I 09/ICPR.200ó.806
Azorin-Lopez, J., Saval Calvo, M., Fuster-Guillo, A., Garcia-Rodriguez, J., Cazorla, M., & Signes-Pont, M. T.
(2016, July). Group activity description and recognition based on trajectory analysis and neural networks. In
Proceedings of tlrc 2016 lnt¿rnational Joint Conference on Neural Networks (IJCNN) (pp. f585 1592). IEEE-
doi: 10. I 109/UCNN.2016.7727 387
Azorin Lopez- J., Saval{alvo, M., Fuster-Guillo, A-, Garcia-Rodriguez, J., & fts-Escolano, S. (2015, July).
Self Organizing Activity Description Map to represent and classi! human behaviou¡- ln Proceedings of tlte
2015 Internatiorutl Joint Conference on Nerral Ne*'orks (IJCNN). IEEE. doi:10.1109/UCNN.2015.7280784
Azorin Lopez, J., Saval Calvo, M., Fuster Guillo, A., & Oliver Albert, A. (2014, July). A predictive model for
recogfiizing human behaviour based on trajectory rcpresent ation.ln P¡oceedings of the 2014 International Joint
Conference ort Neurol Nenorks (llCNN) (pp. 149.1-1501). IEEE. doi:10.1 109/UCNN.2014.6889883
Banos, O., Damas, M., Pomares, H., Rojas, F., Delgado Marquez, B., & Valenzuela, O. (2013). Human activity
recognition based on a sensor weighting hierarchical classifrer. Sofi Computing- l7(2),333-343. doi l0.l00'l I
s005ffi{12-0896-3
Bengio, Y., Courville, A. C-, & VincenL P. (2012). Unsupervis€d feature learning and deep learning: A review
and new perspectives. CoRR, abs/1206.5538, I
Btank, M., Gorelick, L., Shechtman, E., h¿ni, M., & Basri, R. (2005, Octobor). Actions a¡i space-time shapes.
ll Proceedings of the Tenth IEEE International Conference on Computer Vision ICCV '05 (Vol. 2, pp. 1395-
1402). IEEE. doi:10.1 109/ICCV.2005.28
Blunsden, S.. & Fisher. R- B. (2010). The BETIAVE video dataset: ground truthed video for m¡{ti-peson behavior
classification. Ar¡i¿k of the BMVA,4(l-12),4.
Brostow, G. J., & Cipolla, R. (2006, June). Unsuperüsed bayesian detection of independent motion in crowds.
It Proceedings of the 2006 IEEE Conputer Societ¡- Conference on Computer Vision and Pattem Recognition
(Vol. I, pp. 594-601 ). IEEE. doi: 10. 1 109/CVPR.2006.320
Bruckner, D., Yin. G. Q., & Faltinger, A. (2012). Reüeved commissioning and human behavior detection in
Ambient Assisted Living Systems- Elefurotechnik und Informationstechnik 129(4),293 298.
Camplani, M., Paiement, A., Mirmehdi, M., Damen, D., Hannuna, S-, Burghardt, T., & Tao, L, (2016)- Multiple
human tracking in RGB-D Data: A Survey. arXiv: 1606.0.{,150
Cardi¡aux, F., Bhowmik. D., Abhayaratne. C.. & Hawley, M. S. (2011). Video based technology for ambient
assisted living: A review ofthe liter¿ture. Joumal ofAmbient Intelligence and Smnn Environmcnts,3(3)-253269.
Chaaraoui, A. A-, Climent-Pérez, P., & Flórez Reruelta, F. (2012). A review on vision techniques applied to
human behaviour a¡alysis for ambient-assisted living. E-rpe rt Slstems :r,'itlt Applications, 39(12),1087!t0888.
doi: 10. l0l6/j.eswa.201 2.03.005
Chang, M. C., Krahnstoerer, N., Lim, S., & Yu, T. (2010. August)- Group level activity recognition in crowded
enytonments across multiple cameras. ln Prcceedings of tlte 2010 Seventh IEEE Intemational Conference on
Adt'¿tnce¿l Vüleo antl Signal Basetl Surt'eiLlance (AVSS) lpp.56 63). IEEE. doi:10.11@/4VSS.2010.65
subito é.V. licensed cuslomer copy supplied and printed for Universidad de Alicante. S¡byd. Acceso al Docomento (SL106X001788)
49
lr*emaliorial Joumal of Computer Vision and hÍage Processing
Volume 7. lssue 3. July-September 20i7
Chaquet, J. M., Carmona E- J.. & Femández{aballero, A. (2013), A survey of video datasets for human
action and activity rccognition. Computer Vision ond Image Undzrsanding, 117(6), 63Á59. doi:10- l0l6/j.
cviu.2013.01.013
Choi, W., Shahid, K., & Savarese, S. (2009, September). What are they doing?: Collective activity classification
usirg spatio temporal relationship among people. ln Proce edings of the 2üD IEEE 12th lnfemariorutl Canferente
on Computer Vision Workshops (ICCY Woúshops) (¡tp. l28Z 1289)-EEE.
Climent Pérez, P., Mauduit, A., Monekosso, D. N., & Rernagnino, P- (2014, January). Detecting events i.n
crowded scenes using tracklet plots. ln Pmceedings ofthe 2014 Internatfunal Conference on Computer Vision
Theory and Applicationc (VISAPP) NoL 2, pp. l7,l-l8l). rEEE.
Cupilla¡{ F., Bremon4 F., & Thonnat, M- (2002). Tracking groups ofpeople for video surveillance. In Video-
Based Surveillance Systems (pp. 89-100). Springer US. doi:10.10071978-14615-C913-4-1
Dehghan. A. (2016). Global Dota Asxriation for Mubiple Pedestrian Tracking.
FeÍyman, J. (2009). PETS 2009 Benchmark Data. Retrieved 19 March 2017 ftom hnp://www.cvg.reading.
ac.uk/PETS2009/a. ht¡¡¡l
Fisher. R. (20 I I )- Computer-Assist€d Prescreening of Video Strea¡ns for Unusual Activiti€{i. BEHAVE. Reúieved
l9 Ma¡ch 2017 from hnp://lromepages.inf.ed-ac-uk/rbf/BEHAVV
Fradi, H., & Dugelay, J. L. (2016). Spatial and temporal variaüons of feature tracks for crowd behavior analysis.
Jouraal on Mulimodal User Interfaces, 1qq,3O7-311. üri:10.1007/s 12193-015{179-2
Ge, W., & Colli¡s, R- T. (2009, June). Marked point processes for crowd counting.ln Proceedings of tltc IEEE
Conference on Computer Visit¡n an¡l Pattent Recognition CVPR '09 (pp- 2913 2920). IEEE. doi:10.1109/
cvPR.2009.520óó21
Ge, W., Collins, R. T-, & Ruback, B. (2009, December). Automatically detecting the small group shucturc of
a crowd. In Proc€edings of üe 2009 workshop on A¡rplicaüons of computer vision (wacv) (pp. l-8). IEEE.
doi : I 0. I I 09/WACV.2CÍ.]954A1123
Ge, W., Collins. R. T., & Ruback, R. B- (2012). Vision-based analysis of small gmups in pedestrian crowds,IEEE
Transa.tions on Pqttem Anat¡asis and Machine Inteligence, 34(5), 1003-1016. doi:10.1109/TPAMI.201l.176
?MlD2184462?
Gning, A., Mihaylova, L., M¿skell, S., Pang, S. K,, & Godsill, S. (2011). Group object structure and state
estimaúon with eyolvirg networks and Monte Carlo methods . IEEE Transactíotts on Signal Processing, 59(4),
1383 1396. doi: l0.l 109/TSP2010.2103062
Goel. K., & Robicquet, A. (n. d.). t-earning Causalities behind Human Trajectories.
Gong, S., Cristani, M., Yan, S., & Lo¡ C. C. (2014). Person re-identification (vol. l). t¡ndon: Springer.
doi: 10.1007/978-l-447 I 629G4
Harmon, M., Lucey, P., & Klabjar D. (2016)- Predicting Shot Making in Basketball using Convolutional Neural
Netwtrks l-eamt from Adversarial MulüageDt Trajectories- arxiv: 1609.04849
Hu, Y., Zhang, Y., & Davis, L. (2013). Unsupervised abnormal crowd activity detection using semiparametric
scan statistic. In Proc¿¿ dings of the IEEE Confereace on Computer Visian and Pattern Recognitbn Workshops
(pp.167 -774). doi:10.1 109/CvPRw.20l3.l l5
Jacques,I. C. S. Jr, Braun, A., Soldera, J-. Musse, S. R., & Jung. C. R. (2007). Understanding people motion
in video sequences using Voronoi diagrams. Pattem Analysis & Applications, lqq. 321-j32. doi:10.1007/
s 10O44-007-007G t
Jhuang, H., Gall, J., Zuffi, S., Schmid, C., & Blaclq M. J. (2013). Towards understanding action recognition. In
Proceedings of the IEEE intenutional conference on computer vrsian (pp. 3192 3199).
Jiang, Y. G., Liu, J., Zamir, A. R., Laptev, I., Piccardi, M., Shah, M., & Suktha¡tar, R. (2013). THL-IMOS: The
first international *.orkshop on action recognition with a large number of classes.
50
subito e.V. licensed customer copy suppl¡ed and printed for Universidad de Al¡cánle. S¡byd. Acceso al Documento (SL106X00178E)
lr¡temational Joumal of Computer V¡s¡on and lmage Process¡ng
Volume 7. lssue 3. July-Septerber 2017
Kilambi. P. Ribnick, E., Joshi. A, J., Masoud, O., & Papanikolopoulos, N. (2008). Estimating pedestrian counls
in groups. Computer Vision attd Image Understanding, l lQl),43-59- doi: l0.l0l6/j.cviu.2W7.02-W3
Kliper-Gross, O., Hassne¡ T., & Woli L. (2012). The action similarity labeling challenge. IEEE Transactions
on Pattem Arott\sis and Machine Intelligence,34(3),615421. doi: 10. I 1O9/TPAMI.20ll .209 PMD:22262724
Kong, D., Gray, D., & Tao, H. (2006, August), A viewpoint invariant approach for crowd counting. In
Proceedings of the 18th International Confercnce on Pottem Recognition ICPR '06 (yol.3, pp. I187 I190)-
IEEE. doi: 10. I 109/ICPR-2006. 197
taptev, I-, Marszalek, M., Schmid, C., & Roze¡feld, B. (2008, June). karning realistic human actions fiom
movies- hr Prcceedings of the IEEE Conference on Computer Vision arul Pattern Recognition CVPR '08 (pp.
1-8). IEEE- doi:10.1 109/CVPR.2008.4587756
Lau, B., Arras, K. O., & Burgard, W. (2010)- Multi-model hypothesis group tr¿cking and group size estimation.
Intenntional lournal of Social Robotics, 2( I ), 19-30. doi:10.1007/st2369{09-0036-0
Li, W., Mahadevan, V-, & Vasconcelos. N. (2014). Anomaly detection and localization in crowded scenes.
IEEE Transactions on Panern Anahsis qnd Machinc Intelligence, 36ll).18-32. doi: l0.l 109/TPAMI.2013.111
PMID:24231863
Liao. H-. Xiang,J-, Sun, W-, Feng. Q-. & Dai, J- (201l, August)- An abnormal event recognition in crowd scene.
fn Proceedings ofthe 2011 Sitth International Conference on Imoge and Gmphics ( ICIG) (pp.73l '1361- IEEE.
doi: 10. I 109/ICIG.201 1.66
Lijun, C., & Kaiqi, H. (2013). Video-based crowd density estimation and predicüon system for wide-area
surveilla¡ce. Cl ¡a Communications, 10(5), 79-88. doi:10.1109/CC.2013.6520940
Lin, W., Sun, M. T., Poovandr¿n, R., & Zlang, Z. (2008, May). Human activity recognition for üdeo surveillance.
ln Pruceedings of the IEEE Internatio¡nl Stmposium on Circuits and Systems ISCAS '08 (W- 2737 -2'14O).[EEE.
Liu, J., Ton& X., Li, W., Wang, T., z,h¿[tg, Y., & Wang, H. (2009). Automatic player detection, labeling and
hacking in btroadcast soccer yideo. Pa¡r¿m Recognitiat Letters. JO(2), 103-l 13. doi: l0.l0l6ij.patrec.20o8.02.011
Liu. J-, Yang, Y, Saleemi, I-, & Shah, M- (2012). I-earning semantic features for action recognition via diffusiou
maps- Computer Vision and lmage Undentanding, 116(3),361-377. doi:10.1016/j.cviu.20l1.08.010
Maksai, A., Wang, X-, Fleuret, F., & Fua- P. (2016). Globally Consistent Multi-People Tracking using Motion
Patteñs. arxiv: l6l 2.00604
Mehran, R., Oyama. 4., & Shah. M. (2ü», June). Abnormal crowd behavior detection using social force model,
la Proceedings of the IEEE Conference on Computer Vísion antl Pattem Recognition CVPR '09 (W.935-9aD.
IEEE. doi: 10. I 109/CVPR.2009.5206641
Müaylova, L.. Carmi, A. Y,, Septier, F., Gning, A.. Pang, S. K., & Godsill, S. (2014). Ov'erview of Bayesian
sequential Monte Carlo methods for group and extended object tracking- Digiral Signal Processing,25- l-16.
doi: 10. I 0l lj.dsp.20l 3. I l.m6
Oskouie, P., Alipour, S-, & Eftekhari-Moghadam, A. M. (2014). Multimodal feature extraction and fusion
for semantic mining of soccer video: A survey. Artificial Intelligence Reyíew, 42(2), 173 210- doi:10.1007/
s10462!12 9332 4
Pellegrini, S. (2009). BÍWI Walking Pedestrians Dataset- Retrieved 20 March 2017 fmm hnp://www-vision.
ee.ethz -ch./datasetY
Pellegrini, S., Ess, A., Tanaskovic, M., & Van Gool, L. (2010, June). Wrong turn-no dead end: a stochastic
pedestrian motion model. kt Proceedings ofthe 2010 IEEE Computer Socie4' Conference on Computer Vision
and Pattem Recognirton Workshops (CVPRW) (pp. l5-22).IEEE. doi:10.1109/CVPRW.20l0.5543ló6
Per§e, M., Kristan, M., Kovaóid. S., Vuókovii, G., & Per§, J. (2009). A trajectory-based analysis ofcoordinated
team activity i¡ a basketball game. Cozp uter Vi sion and Image Understanding, 113(5), 612-621- doi:10.1016ij.
cr4u.2008.03.ü)1
Rabiee, H-, Haddadnia. J-, Mousavi, H., Nabi, M., Murino, V., & Sebe, N. (2016). Emotion-Based Crowd
Representation for Abnormality Detection- a¡Xiv: 1607.07646
subito e.V. licensed customer copy supplied and pinted for Unive.sidad de Alicánte. Sibyd. Acceso al Doormento (S1106X00178E)
51
lrtemaüonal Joumal of Gompl¡tar Vision and lñraqE Process¡ng
Votume 7 . lssue 3. July-SeÉember 2017
Rodriguez, M. D-, Ahmeü J., & Shan, M- (2008, June). Actioo mach a spatio temlloral rnaximum average
correlation height filter for action recognition.ln Proceeüngs of the IEEE Confererrce on Computer Vision and
Pattem Recognition CVPR '08 (pp. l-8). IEEE. doi:10.1 |@1CVPR.2W8.4587727
Ryoo, M. S., & Aggarwal, J. K. (2008, January). Recognition of highlevel group activities based on actiyities
of individual members .It Proceedings of lu IEEE Wo*slap on Motion and video Computing WMVC 'O8 (pp-
I -8). IEEE. doi: 10.1 10g/wMvc.2008.4544065
Schuldt, C-. Lapte¿ I-, & Caputo, B. (2004, August). Recognüing human actions: A local SVNI approach. In
Proceedings of the lTth Intemetional Conference on Pattem Recognition ICPR 'M (VoI. 3, pp.32-36). IEEE-
doi: 10. I 109iICPR.2004.133¿14ó2
Shah, M. (2012). PNNL Parki¡g Irt. Retrieved 3l March 2017 from hnp://crcvucf.edu/data/ParkingloT/
Shao, J,, Change Loy, C., & Wang, X- (2014). Scene-indepeudent gmuP profili¡g tt crowd.In Pruceedings of
the IEEE Conference on Computer Yi:ion and Paftent Recognition (pp. ??19-2226\.
Shen, C., ñe, R., Zhang, L., & Song, L. (2015, June). Small gmup people behaYior analysis based on temporal
rccursive tr.¿jectory identifrcation. ln Proceedings of the 2015 IEEE lntemational Conference on Mukimedia
& Expo Workshops (ICMEW) (pp. l-6). IEEE.
Shu. G., Dehghan. A., & Shah, M. (2013)- Improving an Object Detector and Extracting Regions Using
Superpixels. la Proceedings of the IEEE Computer Societl- Conference on Computer Vision qnd Panem
Recognition (pp. 1721-3727). doi:l0. I 1O9/CVPR.20l 3.477
Solmaz, 8., Assa¡i, S. M., & Shah, M- (2013). Classifuing web videos using a global video descriptor Maclrrne
Vis ion and Applications, 24(1), 1473-1485. doi: 10. 1007/s00138-0124449-x
Soom¡o, K., & Zarrn , A. R. (2008). Sports Action Data Set. UCF. R€trieved I Jaluary 2017 ftom http://crcv.
ucf.edu/data/UCF_Sports Action.php
Soomro, I(, Zan,rr, A,. R., & Shah, M. (2012). UCFlOl - Actioa Recognition Data Set. Retrieved 3l March
2017 from http://crcv.ucf.edu/data/UcFl0l.php#Results_on UCFl0l
Turaga, P, Chellappa, R-, Subrahmanian, V. S., & Ud¡ea O. (2008)- Machine recognition ofhuman activities:
A suwey. IEEE Transactions on Circuits and Systems for Video Technology, 18( I l), 1473-1488. doi:10.1 109/
TCSvT.2m8.2005594
Vascon, S-, Mequanint, E. 2., Cristatri, M., Hung, H-, Pelillo, M.. & Muri¡o, V (2016). Detecting conversational
groups in images and seguences: A robust game-theoretic appro ach. Computer Vision and Image Understanding,
1 4 3, 1 124. doi: lO.l0l6/j.cviu.2015.09.012
Vishwakarma, S-, & Agrawal, A. (2013). A survey on activity recognition and behavior understanding in video
su¡veillance. The Visual Computer, 29(10), 983-10O9. doi:10.1007/s0037l-012-0152'ó
Wickramaratn& K., Chen. M., Chen, S. C., & Shyu, M. L. (2005, December). Neural network based framework
for goal event detection in scrcer videos. lt Proceedings of the Seventlt IEEE lnternational Symposium on
Multimedia. IEEE. doi: l0_ 1 109/ISM_2005.83
Wu. Y, Jia, 2., Ming, Y., Sun, I., & Cao, L. (2016). Human behavior recognition based on 3D featu¡eri and
hidden Markov mrxlels. Signal. lmage and Video Processing, /0(3),495-502. doi:10.1007/sl1760{15-0756{
Yi, S., Li, H.. & Wang, X. (2015). Pedestrian travel time estimation in crowded scenes. ht Pruceedings of the
IEEE International Conference on Computer Vision (p. 3137-3145). doi: 10.1 109/ICCV.2015.359
Yi, S., Li. H., & Wang, X. (2015). Understanding pedestrian behaviors from stationary crowd groups. In
Prcceedings of the IEEE Conference on Conputer Vision and Panern Recognition (pp. 3488-3496). doi: 10. I I 09/
cvPR.2015.7298971
Yin, Y., Yang, G., & Man, H. (2013, September)- Small human group detection and eyeú representation based oo
cognitive semantics .la Proceedings ofthe 2013 IEEE Seventh hternatiorol Conference on Semantic Computing
(|CSC ) (pp. 64-69). IEEE. doi:10.1 1O9/ICSC.2013.20
Zharg. C., Yang. X., Lin, W., & Zhu, J. (2012, December). Recognizing human group behaviors with muhi-
group causalities- lt Proceedings of the 2012 IEEE/WIC/ACM lntematimal Conferenr:es on Web Intelligent:e
and Intelligent Agent Technolog (WIJAT.)(Vol.3, pp. ,14-48). IEEE. doi:10.1109/1W lAT.2012.162
52
subito e.V. licensed customer copy suppl¡ed and printed for Universidad de Al¡cánle. Sibyd. Acceso al Documento (SL106X00178E)
(jB¿lOOXgOllS) o¡uaurmoo le osacav pÁq'S alúsJfv ap peprsJa^ruTl]ol poluud pue partddns Adoo rauotsna pasuéorl Aao¡¡qns
€9
'sauelEuoc leuogeuelü pue spuno[ c!!]ue3s snoJeunu
q JeMeheJ e se peNes seq aH 'sJegew \ooq we secueteluoc 'Eeu.no[ pJa as u! enwtttpJe Jetndu@ ptE
ttotsl^ Jalndwoc uo sJaded O, ueq eJout peqslpnd se[ pE spefud qeEasal ,L u! pe\.o seq eH qdJnqupa
lo ¡lls.rcAlun le WPasat Jo! uopestpS pue ecueiJg lo fustutw tlsueds aql Áq ,senbrupq uo!]rusuc)oJ pue
uoüsnbce úeu! Ot Jo tÍlwllsrtes ,/.ot atesudwoo ot spoqpfi seoelms Enceds uo sl3,alap edeqs lo tn!¡tedsu!
Pnst^ 3lrewotnv" dltl$ qpJ qsteosaY pJotzoo-tsod aql paqetae sei aH qcJ€asaY lo Jopatlo hndel oqt pue
JOSSeJo.rd ale,cossy ue 
^B)emc 
s! el ato4¡i 'Áltsta lun eues e4 p uqpfiduoc ptE ¡6qouwe! $ueps JEnducJ
lo yau4Edao aq lo Jequeu /flloce! e uaeq seq aq 'LOOZ eculs INZ u! (qdd ayecnv lo ¡lrsJa un aq le ecuelcs JelnduoC u aa6ap 
Oq¿ e pue LOAZ u auueaubul .plnduro) u €eJ6ep e pe eJeJ zdol-uuozv ú.rof
¿!02 raquro¡dos-^lnf . € onssl. ¿ ournto^
oulssafo.¡d a6pu¡l pu? uolsr¡ ra|ndtr¡oC lo lp¡'unof puogEula¡ul
Jeqsu g lteqoa p4
Áq pel dno-6 uotsn Jepdw@ eq u 'qbfiqup1 lo tÍllsJa lun 'sclleuuolut lo lootps eql u! n$! §ptsod e s! aH 'suttulleÉ snoeuaaotojaq 
6ulsn sultllttoñp uotstr'. hfidra@ au\eJEeoge surers,/(si eJUEsrssV ta\yl paow^pv u!
peÍoJd papunJ puotleN e u! /€.tJ3Jeeset JoruáA e se pa lJcln eH sesr?o9 §r/erJads pue secuaJoluoc puoleuev!
p€pue$e seq g)e sea/€ osaql u! Jeded snorc paqsltqnd seq qaaEfi 'sn¿g¿e Ja! 6u 1!e-6,o-d gq¡7 w eswedxe
seq eq 'Je oeJolll oulddew pue busues Ot pue '6u epou pue s§/leu¿ sa6uerle sedeqs Oe 'dulpL/P-rsJepun
Jno! eqoq uewnq u! uepatd uots! JEnduoc apnpt!ssglau! slH LLOZ u! &uep9 lo )elsew pue OLOZ u! EueclM
lo Álsta lun te Jeeu!6ue ElnduoC se e¡A se '9 LOZ u ecueps JernduoC u Ot¿¿ e peueqo o4eC1e^es o@new
